When a species adapts to a new habitat, selection for the fitness traits often result in a 27 confounding between genome-wide genotype and adaptive alleles. It is a major statistical 28 challenge to detect such adaptive polymorphisms if the confounding is strong, or the effects 29 of the adaptive alleles are weak. Here, we describe a novel approach to dissect polygenic 30 traits in natural populations. First, candidate adaptive loci are identified by screening for loci 31 that are directly associated to the trait or control the expression of genes known to affect it. 32
INTRODUCTION
47
The genome wide association study (GWAS) is a powerful approach to dissect the genetic 48 basis of phenotypic variation in populations, but its application in natural populations is 49 statistically challenging. For example, when populations develop local adaptations to their 50 environment, this often results in a confounding between adaptive alleles and the genome-51 wide genotype of the local population. This confounding is particularly challenging when 52 adaptations are developed for highly polygenic traits where the selection responses are due to 53 changes in the allele frequencies of standing variants across many loci ( power to detect loci making small contributions to the trait variation is generally low in 56 GWAS due to corrections for multiple testing. The additional burden of corrections also for 57 population structure decreases power further. By making combined use of powerful model 58 populations, and new analytical approaches accounting for the polygenic nature of complex 59 adaptive traits, it is possible to dissect polygenic genetic architecture with greater sensitivity 60 in order to facilitate deeper insights to the genetic basis of adaptive traits (Sheng, Pettersson, 61 Honaker, Siegel, & Carlborg, 2015; Zan et al., 2017) . These potent statistical methods have 62 so far not been adapted to analyses of natural populations, but could be useful also for 63 identifying the genetic mechanisms that govern adaptation for polygenic traits in nature. 64 65 Arabidopsis thaliana is a widely used model species in plant biology. It has colonised a wide 66 range of ecological habitats around the world and the available genotype, expression and 67 phenotype data on many of these ecotypes provides unique opportunities to study the genetic 68 basis of adaptation. Flowering time is one of the most studied adaptive traits in this species as 69 it has an important role in ecological adaptation and also a potential impact on agronomic 70 production in related species. Studies in the laboratory, often on the reference accession Col-71 0, have identified many genes that could influence flowering time and in this way biological 72 pathways controlling, for example, photoperiod (El-Assal, Alonso-Blanco, Peeters, Raz, & 73 whereas the studies of natural populations have only been able to associate genetic 80 polymorphisms in a handful of them with the large world wide flowering time variation. 81 Hence, even though flowering time is potentially highly polygenetic also in nature, the 82 burden of multiple-testing and population-stratification correction in GWAS analyses of 83 natural associations is too high to identify loci that are either rare, have smaller effects or are 84 confounded with population structure even in collections of >1,000 inbred accessions 85 (Alonso-Blanco et al., 2016). 86 87 Here, we describe an analytical approach to dissect the genetic basis of polygenic adaptive 88 traits in natural populations. It is used to dissect flowering time variation in a publicly 89 available dataset on >1,000 wild-collected A. thaliana accessions from the 1,001-genomes 90 project (Alonso-Blanco et al., 2016). By utilizing prior information on known flowering time 91 genes and flowering time associated loci in A. thaliana and integrating it in our analysis of 92 genotype, expression and trait variation data from the 1,001-genomes project, we could 93 reveal a highly polygenic basis of the worldwide variation in flowering time. 94
95

RESULTS
96
We explore the polygenic basis of flowering-time in the latest release of the 1,001 genomes 97
A. thaliana dataset. First loci with direct associations to flowering time, or loci that regulate 98 the expression of known flowering time genes, were identified. Then a final set of loci with 99 independent associations to flowering time was obtained using a multi-locus association 100 analysis approach that was originally developed to dissect polygenic traits in experimental 101 populations ( 
A genome wide association analysis to detect new loci associated with flowering time 105
A publicly available dataset with genotypes and phenotypes measured on a collection of 106 1,004 natural Arabidopsis thaliana accessions was reanalysed. Two flowering time 107
phenotypes measured under greenhouse conditions, flowering time at 10°C (FT10) and 16°C 108 (FT16), were used in a previous genome wide association study by (Alonso-Blanco et al., 109 2016). Here, we reanalyse these phenotypes and describe the results for FT10 in more detail. 110
A more schematic summary of the results is provided for FT16. 111
112
Five loci were associated with FT10 in (Alonso-Blanco et al., 2016) using a mixed model 113 analysis accounting for population structure ( Figure 1A ). We here explore the genetic 114 architecture of FT10 beyond those loci. First, the five earlier reported loci were included as 115 co-factors in genetic model. Then, the genome was scanned iteratively to identify additional 116 loci directly associated with FT10. In this scan, we eased the burden of multiple-testing 117 correction by only correcting for tests performed on markers in LD < 0.95, resulting in a 118 selection threshold for terminating the forward selection scan of -log 10 p =7.33. Two 119 additional loci were associated with FT10 at this significance level after correction for 120 population structure via a mixed model analysis ( Figure 1B ). One of these associations (peak Table 1 ). In addition to these loci, a third locus (peak on chromosome 4, 124 10,999,188bp; Figure 1C ) had a p-value near the selection threshold (-log 10 p = 7.0). As it 125 Table S2 ). Among the 33 genes regulated by this trans eQTL, 19 have a 157 TAIR10 annotation/GO term related to flowering time via light mediated developmental, or 158 photoperiod control, pathways (Table S3 ). The LD block around the top associated SNP (r 2 > 159 0.5) spans 12kb on chromosome 5 including 5 genes (AT5G55830, AT5G55835, AT5G55840, 160 AT5G55850 and AT5G55855). An obvious candidate among those is AT5G55835 as it is 161 known to be expressed as a microRNA regulating many developmental processes, including 162 changes in the vegetative phase, and coping with abiotic stress ( collection. The input to the analysis were the loci with direct associations with FT10 in our 177 forward selection genome-wide association analysis (Table 1 ) and the eQTL regulating the 178 expression of known flowering time genes (Table S1) . At 15% FDR, 25 of the eQTL and all 179 8 FT10 associated loci were retained in the final model ( Figure 3 ; Table S3 ). At a 15% FDR, 180 we expect 28 of the 33 loci to be true associations, illustrating the ability of the method to 181 reveal the highly polygenic architecture of FT10 in this population. 
193
The additive genetic effects of the associated loci range from 1.4 to 7.6 days with median of 194 2.5 ( Figure 4A ). The proportion of the total genetic variance for FT10 that could be explained 195 
207
Large
overlap between loci associated with flowering times at 10°C and 16°C 208
To explore the overlap between the polygenic architectures of FT10 and FT16, we performed 209 an identical three-step analysis also for FT16. The two phenotypes have a high phenotypic 210 correlation (Pearson correlation=0.88, p-value < 2.2×10 -16 ), but the standard GWAS analysis 211 only detects 3 loci for FT16 at a genome wide significance level. Our conditional forward 212 selection GWA analysis for FT16 failed to reveal any additional loci directly associated with 213 this trait ( Figure S1 , Table S1 ). All the three loci associated with FT16 map within 20kb of 214 the peak SNPs associated with FT10 (Table S4 ). The multi-locus analysis across the 150 215 eQTL regulating expression of flowering time genes and the three FT16 associated loci 216 identified 29 loci associated with FT16 at 15% FDR. In total, 15 of the 26 eQTL overlapped 217 with the 25 eQTL associated with FT10. (Table S5 ). The three loci with direct associations to 218 2 :9 0 4 8 5 1 3 -A T 3 G 2 2 3 8 0 4 :1 9 6 1 8 6 8 -A T 1 G 5 3 1 6 0 4 :2 5 9 2 5 2 -A T 4 G 0 0 6 5 0 5 :1 6 5 4 1 2 0 7 -A T 5 G 1 7 4 9 0 5 :2 6 8 0 5 2 3 1 -A T 5 G 6 7 1 8 0 4 :2 7 4 9 8 2 1 -A T 4 G 0 5 4 2 0 3 :1 6 3 2 5 4 8 1 -A T 3 G 3 3 5 2 0 5 :5 3 4 5 3 4 1 -A T 5 G 1 6 3 2 0 4 :7 1 7 2 6 3 8 -A T 2 G 2 8 1 9 0 1 :2 4 2 0 7 2 5 0 -A T 2 G 2 2 6 3 0 2 :1 6 3 8 7 3 7 9 -A T 2 G 3 9 2 5 0 3 :7 2 4 0 0 7 9 -A T 3 G 2 0 7 4 0 2 :1 4 3 1 2 4 8 5 -A T 2 G 3 3 8 3 5 5 :2 6 2 2 1 5 3 7 -A T 1 G 5 3 1 6 0 2 :9 0 4 9 3 9 7 -A T 2 G 2 1 0 7 0 2 :8 1 3 7 5 4 2 -A T 2 G 1 8 7 9 0 5 :1 0 1 0 4 9 3 8 -A T 5 G 1 0 3 8 0 4 :7 8 9 1 3 4 5 -A T 1 G 5 3 1 6 0 1 :1 1 4 1 4 1 1 3 -A T 1 G 3 1 8 1 4 5 :2 2 6 0 1 5 5 5 -A T 3 G 1 8 9 9 0 5 :2 2 6 0 3 1 0 0 -A T 4 G 2 0 4 0 0 3 :1 4 4 7 2 7 9 5 -A T 3 G 0 5 6 9 0 2 :2 5 3 9 9 6 -A T 2 G 0 1 5 7 0 1 :1 9 4 7 4 1 0 1 -A T 5 G were detected in the GWA analysis and 25 (26) in the eQTL analysis for FT10 (FT16), 236 respectively, at a 15% FDR threshold. Together these results illustrate the value of using a 237 more sensitive analysis approach to infer the polygenic architecture of complex adaptive 238 traits in natural populations. The results illustrate that many loci contribute small effects to 239 the phenotypic variation in the population that would otherwise remain undiscovered. Overall, 240 the genetic architecture thus contains a relatively small number of loci with large effects, or 241 loci with intermediate effects but high MAF, that can be detected in a standard genome-wide 242 association analysis. In addition to this, our analysis reveals a larger number of loci that 243 together explain a relative large amount of the total genetic variation. The multi-locus 244 analysis thus provides a deeper insight to this polygenic adaptive trait to facilitate further in-245 depth studies about how the loci together contribute to local and global adaptation in the 246 world wide population. 247
248
In total, eight (three) large effect loci were detected in the GWA analyses for FT10 (FT16). 249
Together they contributed 40 (19)% of the genetic variance for FT10 (FT16) in this 250
population. This finding is consistent with earlier reports in Arabidopsis thaliana that major 251 loci often make important contributions to adaptive traits (Brachi et al., 2015; Forsberg et al., 252 2015; Rus et al., 2006; Shen et al., 2014; Shindo et al., 2005) . Here, we can also show that in 253 addition to the major loci, many others also contribute to the variation in this adaptive 254 phenotype. These are difficult do detect in the GWA, either due to them contributing with 255 individually small effects, or by them having a low minor allele frequency. Together, 256 however, they contribute a considerable fraction of the flowering time variation in the 1,001 257 genomes collection and especially so for FT16. This finding suggests that polygenetic 258 adaptation, in addition to major alleles, is likely to make an important contribution to 259 adaptation in A. thaliana. This is consistent with earlier experimental findings on studies of 260 artificial selection responses, where it has been shown that selection on many loci can lead to in the green house were downloaded from (Consortium, 2016a (Consortium, , 2016b . In total 728 284 transcriptomes were downloaded from NCBI (GSE80744), and 648 of these were used in the 285 expression QTL mapping analysis as the remaining ones had no matching genotypes in the 286 SNP dataset. 287 288
Genome wide association analysis for flowering time 289
Previous genome wide association (GWA) analysis in this dataset reported 5 genome-wide 290 significant associations for flowering time at 10°C (16°C) using a mixed model analysis to 291 account for population structure (Alonso-Blanco et al., 2016). We here extended these 292 analyses for these traits by first including the already detected loci as cofactors in the analysis 293 model and then performing several iterative GWA analyses where new loci were added to the 294 model if they passed the multiple-testing corrected genome-wide significance threshold. The 295 termination threshold for the forward selection scans was calculated using a Bonferroni 296 correction for the number of SNPs with r 2 < 0.95, resulting in a threshold of -log 10 p = 7.33. 
Expression QTL mapping targeting genes in flowering time related pathways 313
A list of 282 flowering time genes was obtained from (Brachi et al., 2010) . From the 314 available transcriptome sequence data in the 1,001 genomes project, the expression levels 315
were extracted for those genes as described in (Zan, Shen, Forsberg, & Carlborg, 2016) . 316
Whole-genome eQTL mapping was then performed for these genes across the pruned SNP 317 set (r 2 > 0.99) described above. In the analysis, model 1 was used but with a slightly altered 318 design matrix X. Here, X was only a column vector containing the genotype of the tested 319 SNP, coded as 0, 2 for minor-allele homozygous, major-allele homozygous genotypes. As in 320 the GWA, a Bonferroni corrected significance threshold was used and calculated based on 321 the number of SNPs in the dataset with r 2 < 0.95, resulting in a multiple-testing corrected 322 threshold of -log 10 p=7.33. 323 324
Multi-locus backward elimination association analysis 325
We have earlier developed a multi locus approach to explore the genetic architecture of 326 highly polygenic traits and a detailed description of the approach is available in (Sheng et al. 327 2015; Brandt et al. 2017; Lillie et al. 2017) . In short, the method was designed to study traits 328 where earlier data suggest them to be polygenic in the analysed population. In such cases, 329 standard association analysis approaches to detect individual loci using stringent multiple 330 testing corrected significance thresholds will have low power to infer the true genetic 331 architecture of the traits. This as many of loci contributing to a polygenic trait will make 332 small individual contributions to the genetic variance. By implementing a multi-locus 333 mapping approach in a backward elimination model selection framework, it is possible to 334 simultaneously account for the joint genetic effects of many loci and identify those that 335 together contribute to the trait variance. Not known in advance is how many loci will 336 contribute to the trait and therefore the number of loci in the final model could vary time per accession and X the genotype matrix for the markers in the set fitted as a fixed 389 effect. We here assume that contains no environmental variance, but as it is likely to the 390 obtained estimate will instead be the lower bound of the proportion of the genetic variance 391 explained by the additive effects of the set of markers, in the same way as for the estimate of 392 the variance by the kinship described above. When comparing the variances explained by 393 different sets of loci, we first estimated the variance explained by all loci (V full ), then the 394 variance of the reduced set (V red ) where the markers whose contribution was to be estimated 395 are excluded, to then estimate the variance they contributed as Vf ull -V red . 396 397 
Visualization of the results 398
